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Abstract. This paper presents an ongoing research towards the use of Language 
Technologies to provide lifelong learners with formative feedback. To this end, the 
paper briefly elaborates the theoretical background of conceptual development and 
existing Language Technology applications that can be used to identify and 
approximate learner’s conceptual development. It also presents preliminary results 
of proof of concept tests conducted to demonstrate the use of tools for diagnosing 
conceptual development and the generation of an expert-model. Finally, the paper 
provides initial findings towards the design of a conceptual development service. 
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Introduction 
As any learner, lifelong learners need to receive feedback on how they are developing 
their knowledge on the topic of study. Lifelong learners, however, are heterogeneous: 
they differ on their learning goals, profile, knowledge, and learning paths. This 
diversity increases the complexity and time required to provide formative feedback: 
tutors need to position every learner in the curriculum and assess (almost in an 
individual basis) how she is developing her knowledge. From our point of view, 
formative feedback can be (semi-)automated using Language Technologies [1, 2]. 
In the context of the Language Technologies for Lifelong Learning (LTfLL) 
project we explore how Language Technologies can be used to provide lifelong 
learners with formative feedback on their conceptual development and with support to 
overcome conceptual gaps. We hold that a learner’s conceptual development can be 
diagnosed by comparing the manner in which the learner organizes and structures the 
domain knowledge with how an expert does this. 
This assumption is based on research on expertise that has shown differences in the 
knowledge base development from novice to expert [3]. According to [4] experts and 
novices differ in their knowledge usage, information processing, and organizing of 
their knowledge structures. Experts distinguish better between relevant and non-
relevant information than novices, who tend to reason on both relevant and irrelevant 
information [5]. Experts have elaborated, well structured and organized mental 
frameworks that activate to interpret information and problems and to create a suitable 
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solution [3, 6], whereas novices do not easily activate their mental frameworks, which 
are less accurate, complete, organized and structured [7]. Findings in Law [7], Physics 
[8], Management [4], and Medicine [9] have shown that knowledge is more 
hierarchically structured with increasing expertise, while novices’ knowledge appears 
to be highly fragmented and concepts loosely connected. 
For our research, therefore, we have to use and compare to an “expert model” that 
is not absolute; it develops as it does in practice [4, 7-9]. We use the term to define the 
expected set of concepts and relations that represent the domain of knowledge at a 
specific point in time of the development of a learner.  
Others indicate the expert model in advance [10], or include a phase of sampling 
and negotiating amongst participants and peers which concepts the expert model should 
have [11]. In our work we go beyond these approaches by deriving the expert model 
(semi-)automatically. There are three different types of expert model that can underlay 
this. 
1. Archetypical expert model; considers expert and state-of the art information 
(e.g. scientific literature).  
2. Theoretical expert model; considers particular information (e.g. course 
material, tutor notes, relevant papers, etc.).  
3. Emerging expert model; considers the concepts and the relations between 
those concepts that a group of people (e.g. peers, participants, co-workers, 
etc.) used most often. 
In this paper we concentrate on the theoretical and emerging approaches to identify 
or approximate the conceptual development of learners and the role of Language 
Technology tools in this. Next, we explain how existing applications and tools, namely 
Leximancer [12] and Pathfinder [13], have been used in two different preliminary 
explorations as proof of concept of the suitability of these approaches. In the final 
section, we provide initial recommendations for the design of a conceptual 
development service. 
1.  Investigating How Formative Feedback Can Be Provided 
In order to assess the individual’s knowledge of a particular domain, [14] propose a 
structural approach to determine how the individual organizes the concepts of such a 
domain. This approach involves three steps: knowledge elicitation, knowledge 
representation, and evaluation of the representation. 
1. Knowledge elicitation techniques measure the learner’s understanding of the 
relationships among a set of concepts [15]. Methods that support this activity 
include card sorting, concept maps, think aloud, or essay questions. 
2. Knowledge representation reflects the underlying organization of the elicited 
knowledge [14]. Advanced statistical methods (e.g. cluster analysis, tree 
constructions, dimensional representations, pathfinder nets) are used to 
identify the structural framework underlying the set of domain concepts.  
3. Evaluation of the representation relative to some standard (e.g. expert’s 
organization of the concepts in the domain) using one of the following 
approaches [14]: qualitative assessment of derived representations; 
quantifying the similarities between a student representation and a derived 
structure of the content of the domain; or comparing the cognitive structures 
of experts and novices. 
A data collection protocol was defined to elicit and represent a learner’s 
knowledge. This protocol combines a think aloud procedure with a cognitive map 
method to provide a suitable and appropriate measure of the learner’s representation of 
the subject matter structure. Concept maps, furthermore, are one of the most common 
ways of representing cognitive structures. Research evidence demonstrates the 
appropriateness of concept maps in eliciting knowledge [16] and their superiority for 
evaluation of learners of different ages compared to classical assessment methods such 
as tests and essays [17, 18].  
There are already a number of tools for the automatic construction and support of 
concept maps: Knowledge Network Organizing Tool (KNOT, PFNET) [19]; Surface, 
Matching and Deep Structure (SMD) [20]; Model Inspection Trace of Concepts and 
Relations (MITOCAR) [21]; Dynamic Evaluation of Enhanced Problem Solving 
(DEEP) [22]; jMap [23], Leximancer [12], and ProDaX [24] (for a comparison see [1]).  
A number of these tools (Pathfinder, Leximancer, Infomap, jMap, MITOCAR, 
KNOT, and ProDaX) have been explored. Giving the results of this exploration, 
Leximancer and Pathfinder have been selected for a further proof of concept. 
Leximancer generates concept maps from a document collection using content analysis 
(based on co-occurrence) and relational analysis (proximity and concept mapping). 
Pathfinder can be used to derive and visualize structured (semantic) networks. It is 
based on proximity measures (similarity, correlations, distances, probability) between 
pairs of concepts [25]. 
As a proof of concept these tools have been explored in two different ways. In the 
first one, a so-called theoretical expert model was identified (considering course and 
tutor materials) and compared with the concept map of a student. For this purpose, a 
combination of Leximancer and Pathfinder was used. The second proof of concept, in 
which only Leximancer was used, explored the generation of an expert model 
identifying the concepts and relations mentioned by participants in a small-scale pilot. 
The rest of this paper elaborates further on these explorations. 
2.  Leximancer and Pathfinder: Generation of a Theoretical Expert Model 
An initial exploration has been conducted on how formative feedback could be 
provided within the formal curriculum of the Manchester Medical School. To this end 
the following procedure, based on the structural approach described earlier, was 
defined: 
1. Knowledge elicitation: The data collection protocol to elicit students’ 
knowledge was used. Next, the think aloud protocols were transcribed. 
2. Knowledge representation: Leximancer was used to generate concept maps 
for novices –derived from student-generated think aloud– as well as a 
theoretical expert concept map –derived from tutor notes and supporting 
materials–. Next, a correlation matrix of concepts was exported. 
3. Evaluation of the representation: Pathfinder was used to compare the 
cognitive structures of the novices and theoretical expert concept map, and 
identify similarities and differences. 
 
  
Figure 1. Part of transcribed student think aloud 
2.1. Procedure 
The protocol of data collection was used with first year students of Manchester Medical 
School. The curriculum is designed according the problem-based-learning approach. 
Students do not always receive timely feedback or individual feedback. That makes it 
difficult for them to judge whether they are on track. Students receive lecture notes and 
a case description. During the think aloud sessions, students were asked to talk about a 
case they just studied. The sessions were transcribed (see Figure 1 for an example 
transcription). The transcriptions were used to generate a Leximancer concept map for 
the students. Similarly, the tutor notes and supporting material were used to derive the 
theoretical expert model. Figure 2 depicts the concept map for the student (left) and the 
theoretical expert model (right). The interpretation of both concepts maps is given in 
the next section. Next, the concept maps were exported as a co-occurrence matrix, 
which provides the relevance scores for the nodes. These relevance scores represent the 
conditional probability of co-occurrence for a concept. It is a measure of co-occurrence 
of two concepts as a proportion of occurrence of the selected concept.  
First we determined whether the exported co-occurrence matrix could be 
transformed to a Pathfinder data format, and whether this resulted in a comparable 
representation of the concepts. To facilitate this process, only the five most used 
concepts of the Leximancer concept maps for the theoretical expert model and one of 
the students were exported (see Figure 3 for an example). This was manually 
transformed into a Pathfinder data format. Best results for these small networks were 
obtained with the probability data format and with default settings for the parameters.  
 
 
Figure 2. Concept map for a student (left) and the theoretical expert model (right) (Leximancer) 
The cytotoxic P cells are responsible for killing the microorganisms and 
it’s triggered by the binding of TCR to the MAC protein complex, bound 
to the specific antigen, the antigen peptide fragments, the T helper 
cells or the CD 4 T cells are essential for the cell-mediated response. 
They make cytokines for delayed hypersensitivity and help making B cells 
specific for antigens. T-regulator cells play a role in the negative 
regulation of the immune system. 
 
Figure 3. Leximancer matrix XML export 
The resulting Pathfinder networks, although not identical, resembled the 
Leximancer concept maps. Leximancer only allows users to visually inspect concept 
maps, while Pathfinder can depict and calculate similarities and differences between 
the student concept map and the theoretical expert model. Figure 4 depicts similarities 
and differences in the maps of the student and the expert model. 
2.2. Initial findings 
As initial verification, the Leximancer generated concept maps and the comparison 
produced in Pathfinder were discussed with an expert. The concept maps of the 
students and of the theoretical expert model differ on the level of detail. Whereas the 
student concept map included detailed concepts, the theoretical expert model 
encapsulated the concepts and gave the panoramic view of the knowledge (as can bee 
seen in Figure 2 and Figure 4). Interestingly, this suggests that even if the learning 
material explains the reasons and conditions of a problem (“the why”), novice students 
represent their understanding by indicating only procedural knowledge, mentioning 
how to solve a problem (“the how”). This suggests that the tutor notes and learning 
materials might not be ideal to generate an expert model. The materials are written 
from a perspective that requires more expertise than the novice student can achieve at 
that point of time. Consequently, this might not be a good basis for deriving the 
theoretical expert model, nor for providing formative feedback.  
 
 
Figure 4. Example of a comparison of a student and expert concept map (Pathfinder) 
<entity colour="#ffffff" freq="21" id="0" kind="WORD" linksVisible="false" 
value="cells" visible="true" x="6.94646429487698" y="17.541484109122838"> 
<relEnts> 
  <relEnt id="1" str="0.61904764" />  
  <relEnt id="2" str="0.33333334" />  
  <relEnt id="3" str="0.23809524" />  
  <relEnt id="4" str="0.0952381" />  
  </relEnts> 
  </entity> 
 
3. Leximancer: Generation of an Emerging Expert Model 
In addition a second proof of concept was conducted. The aim was to test how 
Leximancer could be used to provide formative feedback to employees in an informal 
learning situation. To this end the following procedure was defined: 
1. Knowledge elicitation. The data collection protocol to elicit employees’ 
knowledge was used. Next, the think aloud protocols were transcribed.  
2. Knowledge representation. The emerging expert model was generated as a 
single Leximancer concept map based on the transcripts of all think aloud 
protocols. In addition, concept maps for every speaker were generated. 
3. Evaluation of the representation. Leximancer was used to compare the 
cognitive structures of experts and novices, and to identify similarities and 
differences. 
3.1. Procedure 
The protocol of data collection was used with employees (n=10) of the Open 
Universiteit Nederland. They were asked to reflect on the concept Learning Networks 
(i.e., online social networks where the participants organize their own learning process 
in line with their needs for competence development), which is the topic of research 
conducted within the university. Therefore it can be considered as knowledge that is 
learned and developed at the work place, an informal learning situation.  
The sessions were transcribed and coded in a way that Leximancer recognized as 
interviews. The emerging expert model was derived from a single Leximancer concept 
single map based on all transcripts (see Figure 5).  
 
 
Figure 5. Example of an emerging expert map (Leximancer) 
Leximancer discovered the 10 most used concepts and their relevance 
automatically: learning (47% relevant); services (45%); people (34%); learners (27%), 
resources (17%); community (17%); social support (15%); participants (12%); course 
(12%); content (12%). The tool also depicts the relations of each concept with other 
concepts. Figure 5 depicts the emerging expert model for the concept Learning 
Networks as it arises from all concepts and the relations between concepts. It also 
visualizes the position of the individual speakers in relation to the model, by indicating 
which concepts the speaker mentioned.  
Further, a concept map was generated for individual employees for whom the 10 
most used concepts were identified. These were compared to identify similarities and 
differences between the emerging expert model and employees’ concept maps. It seems 
feasible to generate individual formative feedback reports that present differences and 
similarities. Future work involves validation of the reliability of the emerging expert 
map and the formative feedback report. 
4. Conclusions and Discussion 
This paper presented our current research in the area of (semi-)automated formative 
feedback for learners with the help of Language Technologies. To this end, the paper 
presented two approaches of how Language Technologies can be used and discussed 
conceptual and technical implications. 
There are several ways to generate expert models. We concentrated on two 
approaches: the theoretical expert model and the emerging expert model. Conceptually, 
the first approach seems to provide little information to generate a formative feedback 
report, since the theoretical information is written in a way that might be at a “too high 
level” for a student at a specific point of time. The second approach, the emerging 
expert model, seems to solve this issue. The set of concepts that is used by most people 
at a specific point of time might provide better evidence of the level of abstraction and 
relations between concepts. This approach, however, will require a better appreciation 
of the learner’s knowledge representation –by contextualizing both the learner’s 
knowledge and the situation in which the knowledge will be applied– and requires 
mechanisms to keep the model updated. 
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